Palmitoylation is an important hydrophobic protein modification activity that participates many cellular processes, including signaling, neuronal transmission, membrane trafficking and so on. So it is an important problem to identify palmitoylated proteins and the corresponding sites. Comparing with the expensive and timeconsuming biochemical experiments, the computational methods have attracted much attention due to their good performances in predicting palmitoylation sites. In this paper, we develop a novel automated computational method to perform this work. For a sequence segment in a given protein, the encoding scheme based on the composition of k-spaced amino acid pairs (CKSAAP) is introduced, and then the support vector machine is used as the predictor. The proposed prediction model CKSAAPPalm outperforms the existing method CSS-Palm2.0 on both cross-validation experiments and some independent testing data sets. These results imply that our CKSAAPPalm is able to predict more potential palmitoylation sites and increases research productivity in palmitoylation sites discovery. The corresponding software can be freely downloaded from http://www.aporc.org/doc/wiki/ CKSAAP-Palm.
Introduction
Palmitoylation is a hydrophobic protein modification activity that fatty acids are covalently attached to cysteine residues of membrane proteins. In biochemistry and enzymology study, it has been observed that this modification activity uses cellular and viral membrane proteins for signal transmission (Veit and Schmidt, 2006) . However, it is still unknown what the molecular signals for palmitoylation are. Although palmitoylation is known to be a reversible activity with cycles of acylation and deacylation, the relevant enzymatic mechanism has not been completely clear because some palmitoylated proteins are found without any enzyme source present. Nonetheless, palmitoylation activity has been widely studied in various areas including most signaling pathway activities (Kurayoshi et al., 2006; Navarro-Lerida et al., 2006) . For instance, Smotrys and Linder (2004) showed that most trafficking and protein -protein interactions as well as enzyme activities depended on the existence of palmitoylated proteins. They also showed that palmitoylated proteins could enhance the membrane interactions and the reversibility of palmitoylation was an attractive mechanism for regulating protein activity and cell signaling.
As a specificity study of post-translational modifications such as phosphorylation, methylation and sumoylation, palmitoylation is very important in system biology researches for understanding how proteins are responding to extra cellular cues for information transmission along signaling pathways. One of the key points in studying palmitoylation is to identify palmitoylated proteins and the corresponding sites. However, experimental identification of modification proteins with their sites is quite difficult, time-consuming and expensive (el-Husseini Ael and Bredt, 2002; Linder and Deschenes, 2007) . Therefore, in silico prediction of palmitoylation sites is urgent and greatly useful for further experimental verification.
In the context of predicting palmitoylation sites, Zhou et al. (2006) , by applying a clustering and scoring strategy, built the first model named as CSS-Palm 1.0, in early 2006. Later, in late 2006, Xue et al., using the standard binary encoding, proposed a naive Bayes method named as NBA-Palm1.0 . Recently, the CSS-Palm1.0 is updated into the new version CSS-Palm2.0 (Ren et al., 2008) with the great improvement in predicting performance. By a training data set with 263 palmitoylation sites in 109 proteins and a testing data set with 56 palmitoylation sites in 29 proteins, CSS-Palm2.0 was tested. CSS-Palm2.0 was also be used to annotate novel palmitoylated proteins in budding yeast. Although they have got good results, there is still a big room for improvement.
In this study, we use the encoding scheme based on the composition of k-spaced amino acid pairs (CKSAAP) to represent the sequence fragments. Then support vector machine (SVM; Vapnik, 1995 Vapnik, , 1998 ) is used as the classifier. The sensitivity of our model CKSAAP-Palm can reach 88.42% and 64.16%, respectively, in the 10-fold cross-validation on training data set and the independent testing data set constructed by Xue et al. For annotation of novel palmitoylated proteins in budding yeast, the sensitivity of CKSAAP-Palm is 100% which is much higher than that of CSS-Palm2.0.
Data sets and method

Data sets
The data sets used in this paper are divided into two parts: training data and testing data. The training data set comes from Xue and co-workers (Ren et al., 2008) . They searched the scientific literatures from PubMed with keywords of 'palmitoylation' or 'palmitoylated', and manually collected 284 experimentally verified palmitoylation sites in 116 proteins published before November 2006. After deleting several homologous sites from homologous proteins (Li and Godzik, 2004) which may result in overestimation of the prediction accuracy, they used 263 positive sites in 109 proteins as their positive sites. For the negative sites, the other 1150 sits in these 109 proteins were taken. We use the same training data set in this paper. Our testing data include three data sets. The first one also comes from Xue and co-workers (Ren et al., 2008) . It is the 56 sites in 29 proteins published from November 2006 to 8 October 2007. The second one comes from Roth et al. (2006) , where they identified palmitoylated proteins in budding yeast, including 16 known palmitoylated proteins and 35 novel palmitoylated proteins. In order to evaluate the false-positive rate, 120 proteins known not to be palmitoylated such as mitochondrial proteins are randomly extracted from the Swiss-Prot database (Release 53) as our third testing data set.
Method
The prediction problem is formulated as a binary classification problem, and the SVM algorithm is applied.
Construction of feature vectors
To formulate a binary classification problem, the first step is to represent the object as a feature vector in the Euclidian space. We use the encoding scheme based on the CKSAAP, which has been successfully used for predicting mucin type O-glycosylation sites in mammalian (Chen et al., 2008) and flexible/rigid regions (Chen et al., 2007) to represent the sequence fragment. More precisely, for a site in a protein sequence, a sequence fragment with 2n þ 1 amino acids is constructed by taking n upstream residues and n downstream residues from the site, respectively. When the residues are not enough, e.g. for the sites located in N-or C-terminus, we assign a non-existing residue O to fill in the corresponding position. Therefore, there are totally 21 types of amino acids and 441 types of amino acid pairs in our setting. Note that these pairs are extended to the k-spaced amino acid pair (i.e. the pairs separated by k other amino acids). In our setting, we consider the k-spaced amino acid pairs with k ¼ 0, 1, . . ., 10. In fact, in order to represent a sequence fragment, we introduce a 441 Â 11 dimensional feature vector x where each component is the frequency of the corresponding k-spaced amino acid pair appearing in this sequence fragment. The feature vector of a simpler example sequence fragment AAAC with k ¼ 0, 1 and 2 can be found from Table I .
Support vector machine SVM is an powerful method in dealing with binary classification problem if a penalty factor C and a kernel function K( . , . ) are selected properly. Using a Euclidian vector set X þ with positive labels and a set X 2 with negative labels, it constructs a decision function:
where the non-negative weights a and b are computed during training by solving a convex quadratic programming. A new vector x is then predicted to be positive or negative depending on whether the value of function f(x) is greater or less than a pre-determined cutoff value. The details about SVM can be found in Vapnik (1995 Vapnik ( , 1998 . Our prediction model, based on SVM with CKSAAP feature vectors, is denoted as CKSAAP-Palm. It corresponds to the following selection: the penalty factor C is selected to be 100, and the kernel function is selected to be Gaussian radial basis function:
with g ¼ 0.0000015. In addition, the cutoff value is selected to be 0.18 based on the receiver operating characteristic (ROC) curve of applying cross-validation on the training data set, which can show the trade-off between sensitivity and specificity, unless an additional introduction is attached.
Results and discussion
Performance evaluation criteria
In order to evaluate our prediction model CKSAAP-Palm, some criteria are necessary. There are four measurements: sensitivity (Sn), specificity (Sp), accuracy (Ac) and Mathew correlation coefficient (MCC). They are defined as follows:
where TP, TN, FP and FN are the number of true positive, true negative, false positive and false negative, respectively. For a given data set, all these values can be obtained from the decision function with fixed cutoff. In addition, the prediction validity is often examined by observing its ROC curve, which shows the trade-off between sensitivity and specificity and gives a complete evaluation of the computational method. Apart from the ROC curve, the area under curve (AUC) is also an indicator, the larger, the better.
Comparison of CKSAAP-Palm with the existing tools
Now let us begin to compare our CKSAAP-Palm model with the recent works of Xue et al., CSS-Palm2.0 (Ren et al., 2008) and NBA-Palm1.0 . As mentioned above, the training and testing data sets are exactly the same with theirs. Since the developers of CSS-Palm2.0 and NBA-Palm1.0 only provide a web-based server instead of standalone software, it is impossible to obtain the results of CSS-Palm2.0 and NBA-Palm1.0 with a specified training data set. The results reported in Ren et al. (2008) and Xue et al. (2006) are used in comparison. First, consider the training data set mentioned in 'Data sets and method'. For CKSAAP-Palm, the 10-fold crossvalidation is performed and the results are listed in Table II The X represents any kind of the 21 amino acids.
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and Fig. 1 . Table II shows that the performance of CKSAAP-Palm is significantly better than that of CSS-Palm2.0 and NBA-Palm1.0; it obtains much higher Ac than the highest value of CSS-Palm2.0 and NBA-Palm1.0 and it also receives the highest Sn, Sp and MCC values. Figure 1 shows the ROC curve of CKSAAP-Palm. Since the ROC curves of CSS-Palm2.0 and NBA-Palm1.0 are not available, we adopt a comparison method that has been used in the literature (Dang et al., 2008) . The performance values are presented by the pairs of sensitivities/specificities reported in Ren et al. (2008) and Xue et al. (2006) , which are shown as colored dots on the ROC plot (Fig. 1) . These values are considered to be worse or better depending on whether these dots fall below or above the CKSAAP-Palm ROC curve. In Fig. 1 the colored dots represent the Sn and Sp pairs of the CSS-Palm2.0 with the high, medium and low thresholds, respectively. It is obvious that these colored dots fall below our ROC curve. In addition, for CKSAAP-Palm, the AUC is rather large; it reaches 0.9465, 0.9483 and 0.9593 for 6-, 8-and 10-fold cross-validation, respectively. Then, consider the first testing data set which involves 53 verified palmitoylation sites in 26 proteins, the results are listed in Table III . Similarly to the training data set, CKSAAP-Palm obtains highest Ac, Sp and MCC values. The Sn of CKSAAP-Palm is smaller than that of CSS-Palm2.0 with medium and low thresholds.
In addition, the proposed method is further tested by multiple tests of randomized training and testing data. Consider the mixed data set by putting the training data set and the first testing data set together. Randomly select 25 palmitoylated proteins from the mixed data set as the new testing data set and make the remaining proteins as the new training data set. The new training data set is used to generate the decision function by our model and the new test data set is used to be tested. This process is repeated five times. The prediction results are displayed in Table IV , whereas the ROC curves are drawn in Fig. 2 . The uniprot IDs of proteins in each new testing data set are also provided in Table IV so that other researchers are able to reproduce the data sets. Since the developers of CSS-Palm2.0 and NBA-Palm1.0 did not provide the standalone software and the training data set in their web-based server is fixed, we are not able to obtain the corresponding results of CSS-Palm2.0 and NBA-Palm1.0 on these testing data sets.
Application in annotating palmitoylated proteins of budding yeast
Our CKSAAP-Palm model is also applied to predict the potential palmitoylation sites in budding yeast proteins identified by Roth et al. (2006) recently, the second testing data set mentioned in 'Data sets and method'. The results are listed in Tables V and VI , where three kinds of proteins are examined: known palmitoylated proteins, novel palmitoylated proteins and amino acid permeases (AAPs). Our prediction palmitoylation sites cover most of the ones predicted by CSS-Palm2.0 with the coverage rate of 76 of 89. More interestingly, for the known and novel palmitoylated proteins, CKSAAP-Palm predicts all of them with 100% with at least one palmitoylation site in one palmitoylated protein, whereas CSS-Palm2.0 only with 75% on the known palmitoylated proteins and 74% on the novel palmitoylated proteins respectively. Considering the identified sites of known palmitoylated proteins, CKSAAP-Palm predicts them out with the level of 100%, but CSS-Palm2.0 missed one site C95 in protein Sncl.
Moreover, Roth et al. (2006) proposed a novel sequence pattern for palmitoylation recognition which was suggested to be potentially palmitoylated at cysteines cytoplasmically adjacent to their single transmembrane domains. On the basis of this hypothesis, Roth et al. gave several suggested palmitoylation sites, including 13 palmitoylated proteins: Snc1, Snc2, Tlg1, Syn8, Sso1, Sso2, Vam3, Tlg2, Mnn10, Mnn11, Pin2, Mnn1 and Ylr001c. CKSAAP-Palm finds almost all of these sites (see embolden text in Table V) , whereas CSS-Palm2.0 can only find two of them. This seems not only to support Roth's hypothesis but also show the capability of CKSAAP-Palm to find novel palmitoylation sites, although these sites are still not verified by experiments currently. The eight AAPs, including Agp1, Bap2, Gap1, Prediction of palmitoylation sites using CKSAAP Gnp1, Hip1, Sam3, Tat1 and Tat2, that were suggested to be palmitoylated at C-terminal cysteines (Roth et al., 2006) . CKSAAP-Palm finds all of them out, whereas CSS-Palm2.0 missed one. In order to give some instruments for predicting palmitoylation sites, we count the frequencies of features (the k-spaced amino acid pairs) which appear in the positive training sequence segments and list the top 20 frequent features in Table VII . These may imply that a new sequence segment containing these features in rich would have palmitoylation sites with high probability. These top 20 features are also used to train the SVM model and the results are shown in Table VIII , which demonstrate that these 20 features may reflect the characteristic of the palmitoylated proteins to some extent.
False-positive prediction
Since the program may be used for whole genome annotation, low false-positive rate is one of the most important characteristics of a good palmitoylation prediction model. In order to evaluate the false-positive rate of CKSAAP-Palm, consider the third testing data set, which includes 120 proteins known not to be palmitoylated, randomly extracted from the Swiss-Prot database (Release 53) with three times. The CKSAAP-Palm model is repeated three times and the average results are shown in Table IX . In site level, the average accuracy is 0.905, which means the false positive rate is ,10%. The average accuracy in protein level is 0.767.
Conclusion
In this paper, we have developed an automated computational method to predict palmitoylation sites from protein sequences. The proposed CKSAAP-Palm demonstrates higher prediction accuracy than the existing predictors. The encoding scheme based on the CKSAAP has been proved to be particularly suitable for the prediction of palmitoylation sites. By performing 10-fold cross-validation on the same training data set, CKSAAP-Palm outperforms CSS-Palm2.0 not only in high Sn but also in high Sp and MCC values. On the same testing data set used by CSS-Palm2.0, Each testing data set included 25 palmitoylated proteins. Fig. 2 . The ROC curves of the first testing data set and randomly selected testing data sets.
CKSAAP-Palm achieves a comparative Sn, but much higher Sp and MCC. Moreover, CKSAAP-Palm predicts more novel palmitoylated proteins and sites suggested by Roth et al. (2006) . These results show that CKSAAP-Palm is able to predict potential palmitoylation sites and increases research productivity in palmitoylation sites discovery. It should be pointed out that unlike most of the existing methods for palmitoylation prediction which only provide web-based server, our model CKSAAP-Palm is implemented AAP was suggested to be palmitoylated at C-terminal cysteines Roth et al. (2006) . Prediction of palmitoylation sites using CKSAAP as the standalone software. Taking into account the performance of prediction method depends on the available gold-standard data, the CKSAAP-Palm allows the users to input their training data set. It also allows users to select all parameters such as C, g and cutoff value. The software can be freely downloaded from http://www.aporc.org/doc/wiki/ CKSAAP-Palm. Each data set contains 40 not palmitoylated proteins randomly selected from the Swiss-Prot database. The parameters are C ¼ 100, g ¼ 0.0000015 and cutoff ¼ 0.18. Site level accuracy is the percentage of sites that are predicted as non-plamitoylated sites, whereas protein level accuracy is the percentage of proteins whose sites are all predicted as non-palmitoylated sites. The experiments use 10-fold cross-validation on training data set.
